Many assumptions about the way cells behave are based on analyses of populations. However, it is now widely recognized that even apparently pure populations can display a remarkable level of heterogeneity. This is particularly true in stem cell biology where it hinders our understanding of normal development and the development of strategies for regenerative medicine. Over the past decade technologies facilitating gene expression analysis at the single cell level have become widespread, providing access to rare cell populations and insights into population structure and function. Here we review the contributions of single cell biology to understanding stem cell differentiation so far, both as a new methodology for defining cell types and a tool for understanding the complexities of cellular decision-making.
Introduction
Embryonic development and multilineage differentiation require that diversity be generated from individual cells, whether the zygote or adult stem cells. While the cell populations produced by these processes show stereotypical behaviours with regards to stability and potential that are vital to normal development and homeostasis, there is now recognized to be huge variation in populations at the cellular level [1, 2] . For example, embryonic stem cells (ESCs) are heterogeneous and prone to differentiation in conventional serum and Lif culture conditions, but are transcriptionally and phenotypically more homogeneous in the 'ground state' 2i and Lif conditions and stably self renew [3, 4] . With the current drive to understand and mimic cell fate decisions in culture for regenerative medicine, it is vital to understand how diversity arises, what causal role or effect heterogeneity has in differentiation and whether it can be modulated to produce phenotypically pure populations.
Heterogeneity can be due to the presence of multiple cell subpopulations, asynchrony in cell cycle progression [5] , or stochasticity in molecular processes including transcriptional bursting [6] . This has great implications for the extrapolation Historically, attempts to study single cells have been based on imaging or flow cytometry, limiting the number of parameters that can be investigated. Two key developments over the last decade have opened up the era of single cell biology, most notably in the case of transcriptomics: the introduction of many -omics technologies and their reduction to the single cell level [7] , and the use of microfluidics to miniaturise and parallelise procedures [8] [9] [10] . It is now possible to assay the entire transcriptome of individual cells, and although there are still technical challenges -the low efficiency (5-25%) of reverse transcription means that lowly expressed genes may not be captured [11] -it is usually possible to obtain biologically meaningful information for several thousand genes per cell depending on cell type and sequencing depth [11] [12] [13] .
Here we will explore the lessons learned from single cell transcriptomics regarding the nature of cellular decision-making and the function of heterogeneity, and how single cell transcriptomics is redefining lineages. We will not cover the technical aspects of experimental design and analysis, which are reviewed elsewhere [13] [14] [15] [16] [17] [18] .
Towards an atlas of cell fate

Homing in on HSCs
Since the discovery of the haematopoietic stem cell [19] , decades of work have gone into identifying this rare population and the hierarchy through which it produces the diverse mature cell types of the blood system [20, 21] . Key to this process has been prospective isolation of cell types using antibody staining and FACS, and their characterization with functional assays. Not surprisingly given the promiscuity of many surface markers, most populations remain impure with at best 50% of cells immunophenotypically defined as HSCs exhibiting true HSC activity in transplantation assays [22, 23] .
Trying to distinguish between transcriptional noise and HSC subpopulations, HSCs [12] . While clearly of specific interest to the haematopoietic community, this strategy can be applied to other systems to identify potential new stem cell markers for functional testing.
Re-routing myelopoiesis
The origins of each haematopoietic lineage are also a source of continued debate.
The traditional hierarchical model of binary fate choices between alternative lineages ( Figure 1C) Expression of CD34 and FcgR -used to separate the CMP from its supposed progeny, the megakaryocyte-erythroid (MEP) and granulocyte-monocyte (GMP)
progenitors -was also recorded by index sorting. Analysis of nearly 3,000 cells identified 19 myeloid clusters which could be associated with particular lineages and differentiation stages based on the expression of key markers, but which did not cleanly segregate into the CMP, MEP and GMP gates conventionally used for sorting ( Figure 2B ).
The myeloid compartment has already been further subdivided by flow cytometry
[32], so it would be interesting to see how the clusters identified by Paul et al., fit within this more refined view of myelopoiesis. Nevertheless, the hierarchy proposed between clusters was consistent with early lineage commitment rather than the existence of multipotent progenitors ( Figure 2C ), which agrees with recent barcodingbased lineage tracing experiments in native haematopoiesis [33, 34] .
Lineage decomposition in solid tissues
Despite these ongoing debates, haematopoiesis remains the best-characterized stem cell system. Analysis of lineages and cellular potential has been harder in nonhaematopoietic tissues where cells are more difficult to access and assays less well developed. Here, the value of scRNA-seq for non-biased lineage decomposition and marker identification is clear. It is often impossible to know a priori how many cells will be required to identify particular populations, so being able to capture all cells of a tissue rather than a subset would be beneficial. However, with conventional methods this either requires a sacrifice in sequencing depth for each cell to enable more to be analysed, or makes experiments prohibitively expensive for many researchers. 
Hierarchical and stochastic stages of commitment and reprogramming
One of the earliest attempts at single cell gene expression analysis suggested that
HSCs promiscuously express lineage-affiliated genes, termed 'lineage priming', prior to differentiation [55] . A number of studies have subsequently investigated lineage commitment and suggest that the early stages are stochastic, with the heterogeneous expression of lineage-affiliated genes eventually swaying the balance from self-renewal to differentiation before a lineage programme becomes irreversibly activated.
In the haematopoietic EML cell line, levels of the surface marker Sca-1 were shown to correlate with lineage potential, and cells could reversibly move between subpopulations [56] . However, the potential of individual cells across the distribution of Sca-1 expression was never formally tested. In a follow up study using sc-qRT-PCR [57] , the erythroid-biased Sca-1 lo population was further divided on the basis of expression of key erythroid regulator Gata1. This correlated with differentiation capacity but not self renewal [57] , arguing that the two programs are separate and that self-renewing cells cannot significantly sample lineage programs without committing. However, the newly committed Gata1 + cells were transcriptionally more similar to the uncommitted progenitors than mature erythroid cells, with substantially more heterogeneity in expression. Coupled with further computational modeling, this work suggests that while cells ultimately activate the same lineage-specific transcriptional programme, the early stages are stochastic and offer multiple routes into differentiation [57, 58] .
Heterogeneity of Nanog expression in ESCs [59] , among other factors [60, 61] , has also been linked to differentiation bias, while ESCs can be maintained without Nanog but are more prone to differentiation [59] . Following transient Nanog depletion, the pluripotency network is stable enough to be rescued by Nanog re-expression for 3 days, before irreversibly breaking down during differentiation [62] . Sc-qRT-PCR analysis of a number of genes indicated that the early changes after Nanog depletion are stochastic, with no subpopulations of cells identified. As Nanog is involved in many feedback loops in ESCs, the authors proposed that Nanog fluctuations cause transitions between a feedback-rich pluripotent state, and states with less feedback that are prone to differentiation [62] . The use of InDrops to study ESC heterogeneity and the first stages of differentiation additionally suggested that fluctuations in the expression of pluripotency regulators are weakly coupled within cells, but a strong differentiation stimulus such as loss of LIF results in a more coherent lineage programme [38] , as in erythroid cells [57] . This early-stochastic and late-hierarchical pattern also holds true in reprogramming, where single cell analysis indicated that a coherent transcriptional programme only develops after activation of Sox2, and that the early stochasticity accounts for low reprogramming efficiency [63] .
Several studies have attempted to formalize gene expression changes between cells to generate gene regulatory networks that explain self-renewal and differentiation.
Network inference from population studies has been hindered by having few samples relative to the number of genes studied, and due to the asynchrony of cells within those samples. Methods are now improving thanks to the thousands of cells that can be analysed using single cell methods. Using correlation between genes in 600 cells across multiple haematopoietic stem/progenitor populations, we identified a triad of transcription factors (TFs), including Gata2, that seems to act in regulating exit from the stem cell compartment, with the connectivity validated by ChIP-seq and transcriptional assays [64] . Other single cell studies have also highlighted the importance of Gata2 in early stages of HSC differentiation [29, 57, 58] . Using a more sophisticated synthesis approach we built a boolean network for early haematopoietic development in the embryo that provided a number of hypotheses about gene regulation and allowed us to test the function of each gene in the network [65] .
Recreating developmental trajectories using pseudotemporal ordering
A great drawback of current scRNA-seq technologies is the loss of spatiotemporal information associated with cells, an important consideration given the highly ordered Monocle was introduced for the analysis of skeletal myoblasts in culture, where it identified clusters of genes with different kinetics [66] , and has subsequently been used to study olfactory receptor development [16] and to compare neuronal development in human neocortex and cerebral organoids [67] . Wanderlust was developed for single cell mass cytometry analysis of protein expression in differentiating B cells [68] , but is also applicable to scRNA-seq. We used diffusion maps to order 4,000 cells from the earliest stages of blood development in the gastrulating mouse embryo and were able to capture the bifurcation of blood and endothelium from mesoderm [65, 69] . Where real-time information is lacking, the pseudotemporal ordering of otherwise asynchronous snapshots of cells therefore allows for greater resolution in understanding the order of gene expression and therefore the regulatory relationships between genes.
Conclusions
The era of single cell biology is upon us, requiring new methods and interdisciplinary collaborations, and a new way of thinking about biological problems [70, 71] . In particular, the use of single cell technology as a new method to explore lineage structure seems set to continue with the potential to catalogue the entire human body. The continued decrease in sequencing cost and increase in multiplexing, particularly with droplet-based technologies, will also make the technology available to a wider circle of researchers and topics.
While the promise is great, there are many challenges still to be faced, not least in improving RNA capture and processing and distinguishing biological variation from technical noise. Methods such as SmartSeq2 span whole transcripts and can therefore be used to discover novel isoforms and splicing, but provide relative transcript abundances [72] . Further, the lower depth of sequencing typical with these techniques sacrifices information about lowly expressed genes, which can include key regulatory factors such as TFs. There is necessarily a trade off between the number of cells that can be analysed and the sequencing depth per cell, and researchers must carefully evaluate their needs when designing experiments to select the most appropriate sequencing method for the information required [14, 13] .
A deeper biological understanding will also require analysis of other aspects of gene regulation and function. Accordingly, methods are emerging to study other molecules and modifications at single cell resolution, from proteins [73] and DNA methylation [74] , to protein-DNA interactions [75, 76] and chromosome looping [77] . It's also possible to study DNA and RNA [78] or methylation and transcription [79] within the same cell, so single cell systems biology is on the horizon. Spatial context cannot be ignored, and methods are appearing for sequencing in situ [80] and for building tissue maps from in situ hybridization images [81, 82] and by sequencing small populations of cells from multiple tissue sites [83] , against which single cell transcriptomes can be mapped. Likewise, live imaging provides a temporal context completely unavailable to transcriptomics technologies [84] , but is limited in the number of genes or proteins that can be studied simultaneously. Mapping transcriptomic data against live imaging information could, like arrangement in pseudotime, help to bring order to snapshot data to discover the underlying patterns.
These ideas are methodologically challenging, both for experimentalists and computational biologists. A strong, continued relationship between the two is therefore fundamental for the continued success of single cell biology. Modified from [86] . 
Acknowledgements
